Both classification problems and QSAR analyses of drugs have been better studied by the multi-layer feedforward neural networks with back-propagation learning than the classical methods in pattern recognition such as linear multiple regression or adaptive least square method, since those problems often involve nonlinear relationships between descriptors and the class (/activity). [1] [2] [3] Recently Bayesian regularized neural networks (BRNN), [4] [5] [6] [7] which extends back-propagation learning algorithm in order to overcome its defects such as the problems of local trapping, overfitting etc. by introducing probabilistic treatment of the Bayesian inference technique for the synaptic weights, has been successfully applied for QSAR studies 8, 9) even for massive sample data.
Conventionally, multivariate analysis has been frequently used for analyzing data on medical care. 15) This kind of analysis is implicitly based on the assumption that the sample shows a normal distribution. However, this requirement is often not satisfied because of small sample size or other reasons. The relationship of the routine test data, disease history and physical findings to the diagnosis (disease name) for individual patients seems to assume a non-linear form in many cases. When neural networks are used for analysis, there is no need to assume a normal distribution of the sample. This kind of analysis is applicable even when the sample size is large or small. Furthermore, analysis using neural networks is valid for non-linear relationships.
In Japan, people who go to a hospital because they are complaining of some illness usually undergo routine testing as an early step in the diagnostic process. The data from these routine tests point to one or several possible diagnoses. Full-scale diagnosis is then started with the conduct of detailed tests focused on the diseases suspected on the basis of the disease history, findings from observations and data from the routine tests. However, sometimes the findings are negative for the initially suspected disease, or achieving the final diagnosis takes much time. These outcomes are much more likely when the patient suffers from hyperthyroidism, which has a low prevalence (about 0.2-0.5% of the total population). 16) Furthermore, the cost of the detailed tests is usually high. However, if data from the set of routine tests are analyzed in more detail, we can find hints concerning the possible disease the patient has. For example, patients with hyperthyroidism tend to have a set of elevated alkaline phos- Kenji phatase (ALP) and low total cholesterol (T-Cho), 17, 18) while patients with hypothyroidism tend to have a set of low ALP and elevated T-Cho. A thyroid hormone test will be performed on individuals suspected by the physician as having abnormal thyroid function. In this event, a reliable diagnosis is now possible thanks to recent marked advances in the technology for measuring T3, T4, TSH, and the anti-TSH receptor antibody. 19) If the likelihood of a disease can be suggested from the data from a set of routine test parameters, it becomes possible for specialists to start zeroing in on the correct diagnosis quickly, thus leading to an improved patient QOL.
Assisting the Diagnosis of Thyroid Diseases with Bayesian-Type and SOMType Neural Networks Making Use of Routine Test Data
This paper focuses on hyperthyroidism in this context, and examines the possibility of assisting in the identification of this disease by spotting patients that may be hyperthyroid on the basis of routine test data alone.
In our present study, processing the data from a set of routine test parameters using a neural network turned out to be very promising as a means of assisting the diagnosis, and it was found to be possible to discriminate patients with hyperthyroidism from among the many individuals who had received the routine tests. We used the SOM_PAK package 20) developed by Kohonen's group for calculating the SOM, and the "Software for Flexible Bayesian Modeling" package 21) by Neal for the BRNN.
Human Thyroid Data In the present study, the following 14 parameters measured for many samples at the Tohoku University Hospital were analyzed: ALP, gamma glutamyl transferase (g-GTP), aspartate aminotransferase (AST), alanine aminotransferase (ALT), lactate dehydrogenase (LDH), serum creatinine (S-Cr), uric acid (UA), triglyceride (TG), TCho, white blood cell (WBC), red blood cell (RBC), hemoglobin (Hb), hematocrit (HCT), and platelet. Samples from the following individuals with known results of diagnosis were used for this study: 18 patients definitely diagnosed as having hyperthyroidism between 2000 and 2003 (4 males and 14 females) and 48 healthy volunteers (15 males and 33 females). Screening was conducted of 142 individuals (48 males and 94 females) who had received routine tests at the Department of Comprehensive Medicine of the Tohoku University Hospital throughout the 2004 year but for whom no diagnosis had been established.
In the present work we supposed the independence between routine test parameters, though g-GTP and ALT have a little large correlation coefficient 0.72 among the parameters useful for classification.
Artificial Neural Network Models The routine test data were analyzed using two types of neural networks. One of them was a self-organizing neural network of Kohonen. 12) This network is superior in terms of the clustering capability and the ability for visualization of data distribution. It can yield SOMs. Its algorithm is simple and universally applicable. High reliability of calculation is also well known for this neural network. If the SOM prepared from samples from individuals with known diagnosis show clustering corresponding to the diagnosis, we can estimate patients with hyperthyroidism from the individuals with unknown diagnosis by determining the location of their routine test data projected on the SOM. Furthermore, if the characteristics of data are analyzed on the component planes for each parameter, it is possible to select parameters useful for making a diagnosis.
Maps are prepared by means of calculation while setting the neuron number (to be arranged on the two-dimensional plane), the neighboring radius of the Gaussian neighborhood function, learning coefficient and learning frequency.
The other type of neural network is the Bayesian regularized neural network. 5, 6, 11) This is a multi-layer (three-layer) neural network, but was extended to the Bayesian probability framework of treating model parameters, to avoid defects like overfitting encountered in the traditional maximum likelihood approach. 4, 5) The routine test parameters are assigned to each neuron of the input layer. The classification rate of patients with hyperthyroidism and that of healthy individuals are given by the two neurons of the output layer, respectively. Softmax function is used as an output function. The sum total of the predictive probabilities is equal to 1. The training of BRNN was carried out by Bayesian methods using the results of diagnosis for known samples. However, when this network was applied in set with the Markov Chain Monte Carlo method, 6) it was found to be a stable network suitable also for complex practical data processing and having a high capability of classification. With this technique, the Bayesian empirical synaptic weight probability spontaneously corresponded to the regularized term of the synaptic weight. Therefore, by means of automatic relevance determination (ARD), a series of inputs (routine test parameters) having large impacts on the judgment can be identified. The predictive capability of the neural network can be elevated by assigning an appropriate number of neurons to the intermediate layer (i.e., model complexity) which can be determined using only the training set. In the present paper we used numbers between 5 and 15 as good models, similar to the work using back-propagation neural network by Zhang and Berardi. 22) This is actually the case for a few input parameters analyzed in the section "Elevating the accuracy of screening," and the results almost unchanged at these numbers. When we made BRNN calculation using 14 routine tests, however, the results change depending on the numbers of intermediate neurons and on switching on (or off) ARD. Rule of thumb (larger is the ratio of sample size to synaptic weights, the model works better) should be alleviated in the BRNN 9) and Roberts et al. reported that whether switching on ARD function is better or not depends on the category of sample data. 7, 23) Then we picked up test samples as hyperthyroid patient when they are predicted by a lot of models.
Results and Discussion
Screening of Patients with Hyperthyroidism: Learning Data After the data from individual patients were preprocessed to normalize as to each parameter, the SOM shown in Fig. 1 was obtained. This SOM was calculated under the following conditions: neuron number 30ϫ20, neighboring radius rϭ30, learning coefficient aϭ0.15, and learning frequency 50000. It was checked that the calculated results remain almost unchanged when the number of neurons in the competitive layer are changed to some extent like 30ϫ20 (rϭ20) and 40ϫ30 (rϭ30 or 40). The data were distributed in two distinctive zones, i.e., a zone for healthy individuals (label 3, red, 3-1 to 3-48, nϭ48) and a lower right zone for patients with hyperthyroidism (label 1, green, 1-49 to 1-68, nϭ18; excluding 1-57 and 1-65). It was thus possible to nicely identify patients with hyperthyroidism. Utilization of Each group is composed of males and females. The blue label indicates the free T4 level (ng/ml) for individual patients.
such a difference in distribution on this map makes it possible to analyze the characteristics of test parameters and to estimate patients with hyperthyroidism among the individuals tested.
When the SOM was compared with the information on medical records, it was found that patients with severe hyperthyroidism were distributed in the deeper area of the zone for hyperthyroidism, while patients with mild hyperthyroidism were distributed in the part of the hyperthyroidism zone closer to the zone for healthy individuals. Case 1-52 (free T4ϭ1.89 ng/ml, free T3ϭ7.3 pg/ml), who was erroneously assigned to the zone for healthy individuals, showed few abnormalities in hormones. A similar trend was also seen in case 1-58 (free T4ϭ1.98 ng/ml), 1-63 (free T4ϭ2.2 ng/ml) who were assigned to the borderline zone. The healthy individual 3-35, who was assigned to a point slightly entering the hyperthyroidism zone, had a slightly high ALP and slightly low S-Cr and T-Cho (characteristics akin to those of patients in the hyperthyroidism zone).
The diagnostic data for 66 individuals with known diagnosis (18 patients with hyperthyroidism and 48 healthy individuals) were entered as teacher signals into the Bayesian regularized neural network. After 400 rounds of Monte Carlo sampling, diagnosis was predicted by the calculation using the leave-one-out (LOO) method (output by the softmax function). When the number of neurons in the intermediate layer was 8, 10 and 12, the predictive accuracy was about 90%. The patients with hyperthyroidism who were erroneously predicted as healthy by BRNN were approximately identical to the patients erroneously predicted by SOM calculation.
Then, we attempted to identify routine test parameters useful in the diagnosis of hyperthyroidism. In SOM calculation, the component planes in Fig. 2 obtained for each parameter simultaneously with SOM shown in Fig. 1 allows an instantaneous judgment as to whether the level of a given parameter is high (red) or low (blue). It is thus possible to identify parameters among the 14 parameters useful for classification. Among the component planes shown in Fig. 2 , parameters which show a characteristic hyperthyroidism zone in the lower right area are selected for more detailed analysis. Of these parameters, ALP, g-GTP, AST and ALT have levels higher than the criterion levels, while S-Cr and T-Cho have levels lower than the criterion levels. for male (S-Cr) and 128-220 mg/dl (T-Cho). These six parameters are judged as being important in the diagnosis of hyperthyroidism. For TG and WBC, the broad area including the hyperthyroidism zone takes a certain level and we cannot rule out some association of these two parameters with hyperthyroidism. The other parameters are judged to have low association with hyperthyroidism.
Next, we calculated the degree of relevance of 14 parameters by means of BRNN with ARD, to identify parameters useful in the diagnosis of hyperthyroidism. As an illustration, calculated relevances for females are shown in Fig. 3 (which is helpful for later discussion). Parameters ALP, g-GTP, AST, ALT, S-Cr, T-Cho, etc., were found to be useful in the diagnosis of hyperthyroidism, approximately consistent with the results of SOM's component plane analysis.
Screening of Patients with Hyperthyroidism: Test Data When the 142 individuals tested (48 males and 94 females) were projected on the SOM (Fig. 1) depending on their test data as shown in Fig. 4 , about 10 individuals were projected into the hyperthyroidism zone (lower right area) and many of the remaining individuals were projected into the healthy zone, although the results varied slightly depending on the models used for calculation. It seems likely that patients who were sick but had no characteristic sign specific to hyperthyroidism were projected into the border area between the hyperthyroidism zone and the healthy zone. When the data from 142 individuals with unknown disease were analyzed by the BRNN after learning of the data from 66 patients with known disease, to select patients suspected of having hyperthyroidism, there were about 10 patients for whom most of the BRNN calculations with intermediate neurons (5, 8, 10, 12, 15) predicted as hyperthyroid with probability more than 80%. (In Table 3 , we will show predicted hyperthyroid patients with high probability by the BRNN calculation using 14 routine tests for 94 female test samples.) When the results of prediction with these two types of neural networks were taken together, hyperthyroidism was suspected at a high probability in 7 individuals (examinees 31, 54, 74, 167, 176, 217, 285). Of these 7 examinees, three women (examinees 167, 217, 285) were later diagnosed definitely by the physician as having hyperthyroidism.
In the SOM, all of these three patients were distributed in the deepest area of the hyperthyroidism zone, and they had been rated by BRNN as having hyperthyroidism at a high probability. The remaining 4 individuals who were erroneously estimated as having hyperthyroidism actually had hepatic dysfunction. This is probably explained as follows. Since the neural network had learned only the data from hyperthyroidism patients and healthy individuals, individuals who actually did not have hyperthyroidism but whose test data resembled the data for patients with hyperthyroidism were estimated by the neural network as having hyperthyroidism. Thus, the results of prediction with SOM were approximately identical to those with BRNN. Individuals selected by these methods of screening were found to include patients with hyperthyroidism at a high probability.
Elevating the Accuracy of Screening Next, we examined the possibility of elevating the accuracy of screening. Using the 6 parameters previously rated as important for the diagnosis of hyperthyroidism, we carried out BRNN calculation without ARD for sets composed of two to six parameters shown in Table 1 . Because the S-Cr level differed greatly between males and females (normal range: 0.6-1.1 mg/dl for males and 0.4-0.8 mg/dl for females) and because hyperthyroidism is more frequent in females than in males, we analyzed the data for males separately from data for females. Table 1 shows the number of wrong predictions for the 14 females with hyperthyroidism and 33 healthy females when the prediction was based on BRNN calculation by the LOO method using data from females with known diagnosis (learning data). As shown in this table, the accuracy of prediction was low when a set of 2 parameters or a set of 5 or 6 parameters was used. For group No. 3-2 through 4-4, the error in the diagnosis of hyperthyroidism occurred at a high probability (80-90%) in cases 1-52 and 1-58. In case 1-63, the probability of error was close to 50%. Thus, the number of erroneous predictions changes to 2 or 3 as the probability of prediction is slightly varied by the use of different sets of parameters. If these findings are also taken into account, the set Nos. 3-2, 4-1 and 4-2 seem to be excellent. ALP resembles g-GTP, and AST is akin to ALT (all of these four parameters are usually associated with hepatic dysfunction). However, since the accuracy was higher for No. 4-2 than for No. 4-4, and it was higher for No. 4-3 than for No. 4-5, ALP can be deemed as a better indicator of hyperthyroidism than g-GTP. It is interesting to note the recent report 24) that ALP is a useful parameter in order to increase the diagnostic accuracy for Graves' disease. Furthermore, since the accuracy was higher for No. 4-2 than for No. 4-3 and it was higher for No. 4-4 than for No. 4-5, AST can be deemed as a slightly better indicator of hyperthyroidism than ALT. Table 2 shows the results of prediction by BRNN (without ARD) calculation of data collected at the Department of Comprehensive Medicine of the Tohoku University Hospital (test data), with the threshold (%) and the number of wrong predictions serving as indicators. The data analyzed were derived from 94 females. Here, the threshold (%) means that the three females (cases 167, 217, 285) finally diagnosed as having hyperthyroidism are included in the examinees estimated as having hyperthyroidism at a probability higher than the threshold level. The number of wrong predictions means the number of examinees who were actually free of hyperthyroidism although included in the examinees estimated as having hyperthyroidism at a probability higher than the threshold level. Table 2 indicates that variable set 3-1 (ALP, AST and SCr), set 3-2 (ALP, S-Cr and T-Cho) and set 4-2 (ALP, AST, SCr and T-Cho) allow highly accurate prediction of hyperthyroidism and highly accurate screening since individuals with hepatic dysfunction can be eliminated by these sets of variables. However, when the probability of wrong prediction was analyzed (not shown in Table 2 ), no wrong prediction of hyperthyroidism was seen among the individuals estimated by set 3-2 as having hyperthyroidism at a probability of 78% or higher, while some wrong predictions were observed among the individuals estimated with set 3-1 or 4-2 at a probability of 89% or higher. If this result is taken into account, set 3-2 seems to be particularly excellent. Like Tables  1 and 2 clearly shows that ALP serves as a better indicator than g-GTP for prediction of hyperthyroidism, and that AST is slightly better than ALT. The results shown in Tables 1 and  2 allow us to say that if only ALP is selected from the known major indicators of liver function (ALP, g-GTP, AST and ALT) and if a set of variables composed of ALP, S-Cr and TCho is used, highly accurate screening of patients with hyperthyroidism (capable of eliminating individuals free of hyperthyroidism but having hepatic dysfunction) is possible. Considerably accurate screening is also possible if a set composed of four variables, ALP (selected from ALP and g-GTP), AST (selected from AST and ALT), S-Cr and T-Cho is employed.
In Table 3 we show predicted hyperthyroid patients with high probabilities by BRNN calculation with (/without) ARD for 94 female test samples. Models are of intermediate neurons 5, 8, 10, 12 and 15. Bald numbers denote hyperthyroid patients diagnosed later by the physician. Predictive capability of BRNN using three parameters ALP, T-Cho and S-Cr are much higher than those using 14 routine test parameters. Besides, results of BRNN calculation with ARD are almost similar to that without ARD for three parameters, while the former is worse than the latter for 14 routine test parameters.
Results similar to those yielded by BRNN calculation were obtained in each SOM prepared from sets of 2 to 6 variables like the sets shown in Tables 1 and 2 . One example is shown in Fig. 5 . The SOM shown here was prepared from set 3-2 of variables (ALP, S-Cr and T-Cho) shown in Table 1 . The healthy zone (3-X, red label) is well separated beyond the black valley from the hyperthyroidism zone on the right (1-X, green label). The black label indicates the examinee number at the Department of Comprehensive Medicine (test data). It was projected on the SOM depending on the routine test data. Examinees 167, 217 and 285 are projected into the deeper area of the hyperthyroidism zone. As stated already, only these three individuals were finally diagnosed by the physician as having hyperthyroidism. No other examinee was projected into the hyperthyroidism zone, although several examinees were projected into the border area. As explained in There were 19 males with known diagnosis (15 healthy males and 4 males known to have hyperthyroidism). Prediction of hyperthyroidism was performed on 48 individuals tested at the Department of Comprehensive Medicine. None of these 48 males were later diagnosed by the physician as having hyperthyroidism. The results of SOM and BRNN calculations for the male group were similar to those for the female group. That is, the accuracy of screening was highest with variable set 3-2 composed of three variables (ALP, S-Cr and T-Cho). However, the accuracy with this set was lower in the male group than in the female group probably partly because too small sample size. The mean number of males who actually had hepatic dysfunction but were estimated as having hyperthyroidism at a probability over 80% was 1.5 when the neuron number of the intermediate layer was 5, 8, 10, 12 and 15. Comparison to Empirical Model of Thyroid Specialist In the present study, screening with a four-variable set (ALP, AST, S-Cr and T-Cho) or a three-variable set (ALP, S-Cr and T-Cho) was found to allow all patients with hyperthyroidism to be picked up and to have a considerably high accuracy. Specialists in thyroid diseases usually consider the possibility of hyperthyroidism in individuals showing both elevated ALP and reduced T-Cho. 17, 18) It is also known that patients with hyperthyroidism often show elevation in AST and ALT. 25) It is noteworthy that ALP, AST, ALT and T-Cho were included in the variables rated in the present study as useful in the diagnosis of hyperthyroidism using neural networks. The results of the present study using neural networks additionally indicate a large impact of S-Cr (to which physicians usually did not pay close attention) on the accurate diagnosis of hyperthyroidism. The importance of S-Cr was also endorsed by the finding that the accuracy of prediction decreased considerably as the number of variables used for prediction was decreased from 14 (including S-Cr) to 13 (excluding S-Cr).
Conclusion
The results of the present study can be rated as being highly reliable in view of the finding that an approximately identical screening was possible by each of the two different types of neural network (an SOM type and a Bayesian regularized type). If the present method of diagnostic assistance is applied to predict individuals suspected of having hyperthyroidism among the individuals consulting hospitals because of sickness, it will allow the smooth start of appropriate diagnosis and treatment by specialists in thyroid diseases, leading to improved QOL of patients. This kind of diagnostic assistance is expected to be useful clinically.
In the future, it is desirable that the weight-incorporated neural network tool that we developed is used by many clinicians as a means of diagnostic assistance for analysis of routine test data in clinical practice. Then the much more accurate and robust screening would be possible owing to increasing sample size. 
